Background: Given the shale oil glut that culminated in the most recent and continuing oil price drop from June 2014 and the global financial crisis of 2008 that triggered a cyclical downturn in oil prices and stock market activity, this study investigates the impact of Brent oil price shocks on oil related stocks in Nigeria.
Introduction
Sharp fluctuations in oil prices are generally seen as a major contributor to business cycle asymmetries. Historical highs in the world oil market created concerns about possible slowdowns in the economic performance of the most developed countries. Most recently, declines in the world oil price caused oil exporting countries such as Russia and Nigeria to cut their national budgets. Thus, not surprisingly, a considerable body of economic research studies the channels through which oil price shocks influence economic variables for oil-importing, oilexporting, developed, and emerging economies.
While extensive studies of the oil price macro-economy relationship exist, a strand of the literature concentrates on the impact of oil price shocks on the financial market, particularly the stock market. Although these studies use different methods and alternative data sources, the relationship between oil price shocks and stock market performance remains unresolved. For example, while Jones and Kaul (1996) and Sadorsky (1999) report a significant negative connection between oil price shocks and stock market returns, Huang et al. (1996) and Sadorsky (2001) establish a positive relationship.
Besides the conflicting findings and conclusions, earlier studies on the relationship between oil prices and stock market returns mainly concentrated on advanced economies. The internationalization of global capital markets and the increasingly important role of emerging markets globally prompted scholars to investigate the mechanism through which the international oil price affect stock markets in emerging economies. Basher and Sadorsky (2006) provide one of the earliest comprehensive studies on this subject and find a strong link between oil price volatility and stock returns within emerging markets. Babatunde et al. (2013) concentrate on a leading oil producer, Nigeria, and reveal that depending on the nature of oil price shocks, Nigerian stock market returns exhibit a positive response, but after some time, the response becomes negative.
This study follows this direction of research and tests the relationship between international oil prices and stock market returns in Nigeria, with a particular focus on oil and gas related companies/stocks. The major objective of this study is therefore to examine the relationship between crude oil price and oil and gas related stocks in the Nigerian Stock Exchange (NSE). This study extends the existing literature in two distinct ways. First, the study provides, to the best of our knowledge, the first examination of the impact of oil price shocks on stock market activities, concentrating on the market returns of oil and gas companies listed in the NSE. Previous studies such as Babatunde et al. (2012) , Asaolu and Ilo (2012) , and Effiong (2014) focus on the impact of oil price volatility on the NSE without concentrating on the type of stocks, as this study does. Second, this empirical study uses daily data with the assumption of reducing averaging biases, since it captures more data points. Pioneering studies by Babatunde et al. (2012) and Adaramola (2012) use quarterly data, while more recent studies such as by Effiong (2014) use monthly data for their study periods.
Although the NSE has fourteen (14) oil and gas companies listed, this study uses the daily closing prices for eight oil and gas companies listed in the NSE continuously between January 4, 2007, and December 31, 2014, except Beco Petroleum Product Plc., which was listed from July 2009. For crude oil prices, we refer to the European Brent Crude oil fixed order book (FOB) price, in dollars per barrel.
The rest of the paper proceeds as follows. Theoretical framework section discusses the arbitrage pricing theory (APT) framework. Estimation technique and model specification section presents the estimation technique and model specification. Data and empirical analysis section reports the empirical analysis and results. Finally, Conclusion and recommendation section provides the conclusions and recommendations.
Theoretical framework
The macroeconomic approach to asset valuation is the most adaptable to this study because it values stocks using factor analysis, which incorporates macroeconomic variables (oil price inclusive) into its technique. The arbitrage pricing theory (APT) is the underlying theory under this approach. Ross (1976) developed APT, which underpins this approach. The theory holds that the expected return of a financial asset can be modeled as a linear function of various macro-economic factors (e.g., inflation, gross domestic product, and oil prices). APT is an alternative model that potentially overcomes the capital asset pricing model's problems while retaining its underlying message. The core idea of APT is that only a small number of systematic influences affect the long term average returns of securities.
The first element of Ross's APT is a factor model. Multi-factor models allow an asset to have not just one, but many measures of systematic risk. Each measure captures the sensitivity of the asset to the corresponding pervasive factor. If the factor model holds exactly and assets do not have specific risk, then the law of one price implies that the expected return of any asset is just a linear function of the other assets' expected return. If this were not the case, arbitrageurs would be able to create a long-short trading strategy that would have no initial cost and give positive profits.
The central idea behind APT is that we can price some assets relative to other assets when such assets have no specific risk. Therefore, when there are no specific risks, all asset prices move together and are therefore just leveraged 'copies' of one other. The result becomes more difficult when assets have specific risk. In this case, it may be possible to form portfolios by diversifying away specific risks.
Given these assumptions and the intuition of APT, we can break actual return, R, on an asset (be it a stock, bond, or portfolio) into three constituent parts, which we can express mathematically, as follows:
where E is the expected return on the asset, b is the asset's sensitivity to a change in the systematic factor, f is the actual return on the systematic factor, and e is the return on the unsystematic, idiosyncratic factors. Equation (1) states that the actual return of an asset equals the expected return plus factor sensitivity times factor movement plus residual risk. However, in reality, assets tend to have more than one systematic factor because there are several important factors. Without representing each one, understanding the capital market becomes difficult. Therefore, we must expand the basic equation in (1) to incorporate multiple systematic factors. Prior empirical work suggests that a three or four factor model adequately captures the influence of systematic factors on stock market returns (Roll and Ross 1984) . We can thus expand Eq. (1) to:
Each of the four middle terms in Eq. (2) is the product of the returns on a particular economic factor and the given asset's sensitivity to that factor. These factors are the underlying economic forces with a primary influence on the stock market. Roll and Ross (1984) suggest that the most important factors are (1) unanticipated inflation, (2) changes in the expected level of industrial production, (3) unanticipated shifts in risk premiums, and (4) unanticipated movements in the shape of the term structure of interest rates.
The advantage of this factor analytic technique is that the factors determined from the data explain a large proportion of the risks in that particular dataset over the period under consideration. The drawback is that factors usually have no economic interpretation. As Roll and Ross argue, an effort should be directed at identifying a more meaningful set of sufficient statistics for the underlying factors.
An alternative to factor analytic techniques is to use observed macroeconomic variables as the risk factors. Chen et al. (1986) were among the first to use observed factors, and argue that at the most basic level, some fundamental valuation model determines the prices of assets. Therefore, the choice of factors should include any systematic factors that affect future dividends, which is how traders and investors form expectations, and the rate at which investors discount future cash flows.
Although we do not employ factor analysis in our study, instead we use macroeconomic variables in line with (Chen et al. 1986; Hamao 1988) . The basic economic assumption dictates our choice of variables, bearing in mind the concept of asset pricing that applies regardless of the market type and location. By taking this approach, we can discuss the different magnitudes of the influence of the oil price on individual stocks in the NSE.
Estimation technique and model specification
We adopt vector auto regression (VAR) analysis in order to present a multivariate framework that expresses each variable as a linear function of its own lagged value and the lagged values of all other variables in the system. The advantage of this approach is its ability to capture the dynamic relationships among the variables of interest. We used the Eviews 7 software package to run the test analysis.
Unlike the simultaneous, or structural equation, models, which treat some variables as endogenous and some as exogenous or predetermined (exogenous plus lagged endogenous), VAR models treat all variables as endogenous. Therefore, there is no a priori distinction between endogenous and exogenous variables. We can express our model as:
Where Y t = (y 1t , y 2t , y 3t , …, y nt ) ′ ; n denotes the number of endogenous variables. p is the lag length and Π t is a (n × n) matrix of coefficients and t is the time period. ε t = (ε 1t , …, ε nt ) ′ represents shocks in the VAR model.
To find an appropriate VAR model, it is essential to determine an optimum lag length for the VAR model, for which we can use information criteria (Parivash and Tarkamani 2008) . Since the estimated coefficients from VAR models often appear to lack statistical significance due to the inaccurate estimates of standard errors, researchers often use impulse response functions (IRFs) and forecasting variance decomposition to explain the dynamic effects of the shocks on the endogenous variables. An IRF traces the effect of a one-time shock to one of the innovations on the current and future values of the endogenous variables. While IRFs trace the effects of a shock to one endogenous variable on the other variables in the VAR, variance decomposition separates the variation in an endogenous variable into the component shocks to the VAR. In this study, we use two variables: stock price (sp) and oil price (O). We obtain stock price returns (spr) from the stock price using the transformation spr = ln(spt) − ln(spt− 1), where spt denotes the stock price at time t and spt − 1 denotes the stock price lagged by one period. We transform oil prices into shock variables, i.e., oil price shocks (OS), using the scaled oil price method (SOP) developed by Lee et al. (1995) , which Jiménez-Rodríguez and Sánchez (2005) and Aziz and Dahalan (2015) later use.
Where SOPI is scaled oil price increase, while SOPD denotes scaled oil price decreases. μt is the residual mean and √σt is the square root of the volatility, which we derive using equation system (5) below. For this specification, the GARCH (p, q) model proposed by Bollerslev (1986) has become popular, particularly due to its explanatory power for dependence in volatility, which we estimate as follows:
where µt is white noise with (µ t /µ t− 1 )~N(0, σ t 2 ).
In addition, a bivariate ( ) system with stock price return and oil price shock was proposed to analyze the impulse and variance decomposition structure. We write the model in the reduced form of a structural VAR representation as follows:
where sprt is the log-return of the daily company stock price and OS t is the corresponding oil price shock variable, SOPI t .
Data and empirical analysis

Data sources
This study uses a secondary dataset consisting of daily stock price and oil price from January 2007 to December 2014. We obtained the relevant stock prices from the NSE daily official list and the oil price from the Energy Information Administration (EIA). To ensure that both prices are in the same currency, we multiplied the oil price ($) for each day by the exchange rate between the dollar and the naira for that day. The data contains approximately 1989 daily observations per company.
Descriptive statistics
Appendix 1 presents the names of the oil companies of interest and their dates of listing on the NSE. We conducted a preliminary analysis to determine the normality of the data, measures of central tendency, and measures of dispersion.
In Table 1 below, we present the descriptive statistics of the stock returns of the oil and gas companies. The average daily stock returns for all companies are negative, except for FORTE OIL and OANDO PLC. FORTE OIL has the highest average daily return (0.000814), while BECO PLC has the lowest average daily return (− 0.00161). The size of the standard deviation indicates the risk of the company's stock returns. OANDO PLC returns have the highest standard deviation, while TOTAL PLC returns have the lowest standard deviation. All companies' daily returns exhibit excessive kurtosis, a fairly common occurrence in high frequency financial time series data, and suggest that this excessive kurtosis may be due to heteroscedasticity in the data, which the GARCH models may capture. Excessive kurtosis would also explain the reasoning for high Jarque-Bera statistics, which reject the null hypothesis of normality for all return series.
Empirical results
As equation system (6) represents, we conducted a VAR analysis to estimate the SOPIt type shock variable and we model the volatility of crude oil returns with an AR(1)-GARCH(1,1) specification. Table 2 presents the test results. All parameter estimates of the AR (1)-GARCH (1, 1) model are highly statistically significant. We use the sum of β1 to measure the persistence in volatility and α1 in the GARCH model is closer to unity for each period.
All five lag length criteria tested indicated 8 lags as the optimal model, so we consider it as the lag for our model estimation for all companies. We present only the maximum lag length (see Appendix 2). 
Impulse response
To examine how each stock price responds to innovations from oil price, we estimate the impulse response of the VAR system. Figure 1 presents the impulse response function result for stock price returns to an oil shock at the firm level (see also Appendix 3).
The results show that all company stock prices respond positively to shocks in the oil price in period 1, except FORTE and TOTAL PLC, which respond negatively to a standard deviation innovation in the oil price. On the other hand, all company stock prices respond negatively in period 20, except BECO and OANDO.
Specifically, periods 1 and 2 for BECO indicate that a shock to the oil price causes positive standard deviation values of 0.0018 and 0.0011 in stock returns. Figure 1 also shows a negative reaction of about 0.000028 standard deviations in stock returns due to a shock from oil in period 3, while stock return rises to a CONOIL's stock return responds positively (0.00057) to a shock from oil in period 1. An increased standard deviation value of 0.0012 in period 2 indicates a positive response to an innovation from oil. This implies that CONOIL's stock return increases given a unit standard deviation shock in oil in period 2. Conversely, the standard deviation shock from oil reduces stock returns in periods 3 and 4, which show negative standard deviation values of 0.00026 and 0.00099, respectively. It then remains positive through period 7 and afterwards fluctuates through to period 20.
ETERNA's stock return reacts positively to a shock from oil price in period 1, but negatively in period 2, with standard deviation values of 0.0027 and 0.00052, respectively. In its reaction to oil in periods 3 and 4, the stock price return rises and falls with standard deviation values of 0.00056 and 0.00158. It then continues to move haphazardly through period 20. Additionally, the stock return also fluctuates through period 20 for FORTE, MOBIL, MRS, OANDO, and TOTAL after the initial positive responses (from MOBIL, MRS, and OANDO) and negative responses (from FORTE and TOTAL) in period 1, with standard deviation values 0. 00046, 0.000066, 0.00145, 0.01108, and 0.00025, respectively.
Variance decomposition
We capture the relative contribution of oil price shocks to the variations in the stock return using variance decomposition. The results indicate the percentage of the forecast error of macroeconomic shocks at different time horizons from period 1 (short term) to period 20 (long term).
Generally, the results show that the variances of all company stock returns are mainly driven by oil price innovations starting from period 2 to 20, and the total fluctuations for each period increases for each firm except for BECO, with a constant value in periods 3 through 20 (see Appendix 4). Considering BECO's 1st period, the results show that a shock from oil price causes no fluctuation in stock returns. A shock to the oil price will cause a 0.096% fluctuation in stock returns in period 2. An oil price shock in period 3 also accounts for about 99. 80% of the variation in the fluctuation of stock returns, and this continues through period 20. The result in period indicates that no fluctuation in the variation of CON-OIL' stock return is due to innovations in the oil price. The 0.119% variation in the stock return is due to the shock from oil price in period 2. Additionally, a shock to oil price causes a 0.124% fluctuation in the variation of stock returns in period 3. On the other hand, in period 20 (long term), a shock in the oil price causes a 0.477% fluctuation in stock returns.
The results also show that in the 2nd period, oil price causes a 0.0044% variation in ETERNA stock returns and on the long run (period 20), causes a 0.0802% variation. Just like the other firms, the result shows that no fluctuation in the variation of FORTE, MOBIL, MRS, OANDO, and TOTAL's stock return is due to innovations in the oil price in period 1. A shock to the oil price will causes 0.0072, 0.0093, 0.0048, 0.0206, and 0.0742% fluctuations in FORTE, MOBIL, MRS, OANDO, and TOTAL's stock return in period 2, respectively. In the long run (period 20), a shock to the oil price causes 0.536, 0.388, 1.137, 0.773, and 0.075 fluctuations in FORTE, MOBIL, MRS, OANDO, and TOTAL's stock returns, respectively.
Summary of results
From the analysis above, we can deduce that stock returns for oil and gas companies in Nigeria fluctuate in their response to oil price shocks, from the first period until the 15th period, after which (periods 16 -20) their stock returns begin to respond negatively to oil price shocks (see Appendix 5). The variance decomposition results show that in the 5th period, the oil price causes a 0.019414% variation in oil and gas stock returns. By the 20th period, the oil price caused up to a 0.110184% variation in oil and gas stock returns (see Appendix 6). Table 3 summarizes the core results.
Theoretically, oil price changes should affect stock markets (and hence company stock returns) in oil exporting countries positively. Empirical evidence also proves this positive relationship (Gjerde and Saettem 1999; Arouri and Fouquau 2009; Ono, 2011) , specifically for the US (Al-Mudhaf and Goodwin 1993), Australia (Faff and Brailsford 1999) , and the UK (Sadorsky 2001; Nandha and Faff 2008) .
However, this study finds that in Nigeria, an oil exporting country, oil and gas company returns respond negatively to oil price shocks. These results are consistent prior studies that also find a negative response of Nigerian stocks to oil price shocks, despite the fact that Nigeria is an oil exporting nation (Babatunde et al. 2012 ; Asaolu and Ilo 2012; Effiong 2014). Forte Oil Plc Negative response to shocks in the first three periods, after which its response fluctuates. Between the 16th and the 20th period, Conoil stocks responded more negatively to oil price shocks.
Mobil Oil Nigeria Plc. Fluctuating response from the 1st period to the 20th period. However, between the 16th and the 20th period, Mobil stocks responded more negatively to oil price shocks.
MRS Oil Nigeria Plc
Fluctuating response from the 1st period to the 20th period. However, between the 16th and the 20th period, Mobil stocks responded more negatively to oil price shocks.
Oando Plc. Fluctuating response from the 1st period to the 20th period. However, between the 16th and the 20th period, Mobil stocks responded more negatively to oil price shocks.
Total Nigeria Plc. Fluctuating response from the 1st period to the 20th period. However, between the 16th and the 20th period, Mobil stocks responded more negatively to oil price shocks.
In an analysis of the effects of oil price shocks on stock markets in Norway (an oil exporting country), Bjørnland (2009) argues that higher oil prices represent an immediate transfer of wealth from oil importers to exporters, stating that the medium to longterm effects depend on how the governments of oil producing countries dispose of the additional income. If used to purchase goods and services at home, higher oil prices will generate a higher level of activity, and thus improve stock returns.
Our results reveal that in Nigeria, when the oil price rises, oil and gas company stocks decline, a situation described in theory as peculiar to oil importing countries. We can trace this to the failure of the Nigerian government to transform huge foreign earnings from oil into an improved industrial sector within the economy. In addition, the failure to develop local refineries to transform crude produced within the country to refined petroleum products means that the country imports petroleum products, which could also be a good explanation for this as huge amounts of Nigeria's revenues are spent on a petroleum support fund and paying petroleum product marketers.
Summary of findings
In examining the trend of oil prices, the study revealed that oil prices throughout the period of study fluctuated continuously. In 2008, oil prices maintained an upward movement and rose to a new high of $145.01/barrel by July. Easing tension between US and Iran caused crude prices to fall to $128/barrel in August, and by the middle of September, the oil price fell below $100 for the first time in over six months, to below $92 in the aftermath of the US recession. By October 24, the price of crude dropped to $64.15 and closed at $60.77 on November 6. By the end of December 2008, oil bottomed out at $32.
In 2009, the price of crude rose steadily from the $32 low in December 2008. Following an OPEC cut of 4.2 million b/d in January 2009 prices rose steadily, which was supported by rising demand in Asia. By the end of the year, the crude oil price stood at $74.42. In late February 2011, prices jumped due to the loss of Libyan exports in the face of the Libyan civil war. Concern about additional interruptions from unrest in other Middle East and North African producers continued to support the price, while as of mid-October, 400,000 barrels per day of Libyan production was restored.
Through much of 2012 and 2013, the impact of softening global demand on oil markets was offset by concerns about geopolitical risks and OPEC's pricing policies. Prices fluctuated within a narrow band around $105/barrel until June 2014. By August 2014, Brent crude reached $102.01, the lowest since June. By September, Brent Crude sold at $97 and on October 16, West Texas crude fell below $80 for the first time in more than two years, while Brent crude reached $82.60, the lowest since November 2010. By December 2014, the price of oil was down 50% since April, as benchmark crude was at $54.11 and Brent crude at $59. 27, both the lowest since May 2009. This was largely due to economic problems in Europe and Asia, a strong dollar, higher US production, and no action by OPEC. In understanding the dynamics of oil and gas related stocks, the examination of the stock returns of the selected companies revealed that they largely moved in a pattern that reveals a relationship between the two variables. The preliminary statistics show that all daily stock returns exhibit excessive kurtosis, a fairly common occurrence in high frequency financial time series data.
In testing the effect of the oil price on oil and gas related stocks in Nigeria, the impulse response analysis shows that all companies' stock prices respond positively to shocks form the oil price in period 1, except FORTE and TOTAL PLC, which respond negatively to a standard deviation innovation from oil price. On the other hand, all companies' stock prices respond negatively in period 20, except BECO and OANDO. The variance decomposition reveals that the variances in all companies' stock returns are driven mainly by oil price innovations starting from period 2 to 20, and the total fluctuations for each period increases for each firm except BECO, which maintained a constant value in periods 3 through 20.
Conclusion and recommendation
This study investigated the impact of oil price shocks on eight oil-related stocks in Nigeria using a VAR model for the period between January 4, 2007 and December 31, 2014. The study adopts the scaled oil price increase method to transform oil prices into shock variables. Similarly, the oil stock prices were differenced once to obtain stock returns over the period. The empirical results suggest that oil price shocks significantly and rationally affect oil stocks in Nigeria. We conclude that oil price shocks have a proportionate impact on the stocks of Nigerian oil and gas companies. This study's findings further buttress the fact that oil price uncertainty is a major concern to oil and gas company stock holders and management. We therefore recommend that Nigerian oil companies embrace the benefits of oil price hedging and energy risk management. Studies such as Jin and Jorison (2006) and Altuntas et al. (2017) highlight a major possible down side of hedging as having a negative relationship with firm value. Altuntas et al. (2017) did note its relevance in mitigating the negative effect of cash flow volatility. Hedging oil prices will therefore allow oil and gas companies to take a position in the crude oil futures market. Crude oil producing companies such as TOTAL or oil servicing firms such as CONOIL can enter crude oil futures contracts to purchase or sell crude oil at a particular future selling price. Hedging oil prices will allow the oil and gas industry more flexibility through better cash flow management.
However, this study's findings cannot serve as a basis for generalization because its scope is limited to oil stocks in Nigeria. We also note that emerging economies such as Nigeria may sometimes have low stock liquidity (Onoh 2016) . Hence, the results of this study must be interpreted cautiously. Nevertheless, despite these caveats, our findings shed light on the relationship between oil prices and oil stocks. Future efforts could focus on testing the relationship between oil stocks and oil price shocks in other major oil exporting countries. 
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